Background {#Sec1}
==========

Currently, the world's population is aging, and the number of oldest-old people is increasing considerably \[[@CR1], [@CR2]\]. For most developed countries, the share of nonagenarians in Italy increased by approximately 23 times in the last 70 years (from 0.06% in 1950 to 1.37% in 2020) and is expected to continue growing during the next several years, according to the World Population Prospects \[[@CR3]\], reaching 3.27% in 2050. Consequently, a greater demand for medical care might be expected from this segment of the population. According to the Italian General State Accounting Department, people aged 65 and above had higher per capita medical expenditures in 2018 \[[@CR4]\]. For this reason, it is becoming increasingly important to be able to appropriately measure the health of elderly adults as well as that of the oldest-old people \[[@CR5]\] and understand which factors are related to so-called "healthy aging". This has been performed extensively among less older people in recent decades. However, as a consequence of the increasing number of oldest-old people in Western societies and their health characteristics and needs, it is only in recent years that studies focusing on the oldest-old have been conducted, aiming to understand the potential drivers of good health conditions at extremely old ages \[[@CR6]--[@CR10]\]. These studies have always focused on a specific dimension of health, such as cognition, physical and functional status or morbidities. However, health care needs are the result of a complex system of diseases, syndromes or health characteristics that cannot be described by a single dimension of health \[[@CR11]--[@CR14]\]. To consider the multidimensionality of individual health status, it is necessary to exploit a person-centered approach that is based not on the relationships among variables but rather on the characteristics of the individuals. This approach allows people to be distinguished into groups by taking only their individual characteristics into account \[[@CR11], [@CR13]\].

To capture the heterogeneity of health status and evaluate the social disparities among individuals, researchers suggest the use of latent class analysis (LCA) as a person-centered approach \[[@CR11]--[@CR13]\]. LCA is a subset of structural equation modeling suitable for addressing multidimensional concepts, as in the case of health, to find groups of cases with similar characteristics in multivariate categorical data. The use of LCA in population health studies is extensive, with applications that vary from younger \[[@CR15]\] to older individuals and elderly people \[[@CR12]--[@CR14], [@CR16]--[@CR24]\]. Some scholars used this approach to identify profiles of health by considering functional, cognitive and psychological indicators \[[@CR12]--[@CR14], [@CR16], [@CR17], [@CR22]\], with some evaluating socioeconomic differences among the health profiles \[[@CR12], [@CR13], [@CR17], [@CR22]\] and others predicting the health care expenditures of people belonging to different groups \[[@CR14], [@CR16]\]. Other researchers have applied a person-centered approach to identify profiles within a single aspect of health, such as morbidities \[[@CR15], [@CR19], [@CR25]\], physical status \[[@CR21]\], and depression \[[@CR20]\], by considering several outcomes of the same health dimension. According to the existing literature, LCA could be used to identify groups of individuals requiring specific forms of health care and to predict their health care needs and expenditures. This approach could also help policymakers understand which groups of people to target with their interventions. The recent COVID-19 pandemic has again highlighted, especially in Italy, how vulnerable people are, such as the oldest-old and multichronic patients, which are groups that merit greater health policy focus \[[@CR26]\].

It is also well documented that among elderly adults, demographic and socioeconomic characteristics influence health status and, consequently, health care needs and utilization \[[@CR13], [@CR27], [@CR28]\]. Fewer researchers have evaluated this relationship among extremely old people, suggesting the persistence of social disparities in health, even in the last stages of life \[[@CR29]\]. Gender, education and income were found to be associated with different health outcomes among the oldest-old individuals, prompting further investigation in this direction \[[@CR6], [@CR29]--[@CR32]\]. Evaluating the existence of a demographic and socioeconomic gradient in health among the oldest-old population could drive the attention of policymakers toward people who need interventions.

Despite the recognized advantage of using a person-centered approach for capturing the heterogeneity of health among elderly people, there is still not much evidence relating to health profiles among the oldest-old and the extremely-old populations \[[@CR33]\]. To fill this gap in the literature, we analyzed data from the Mugello Study \[[@CR34]\], which included 504 nonagenarians from a rural area in Tuscany (Italy) called Mugello. Our aim is to determine whether it is possible to classify oldest-old people according to their multidimensional health status, defined by physical, cognitive and psychological health, to help in choosing the best care needed by this growing segment of the population. Furthermore, we investigate whether there are demographic and socioeconomic differences among their health profiles, fueling the debate on social disparities in health in the last stages of life.

Methods {#Sec2}
=======

Study population and measures {#Sec3}
-----------------------------

The study population comes from the Mugello Study \[[@CR10]\], which aimed to evaluate the aging process, focusing on different health aspects among nonagenarians living in 9 of the 11 municipalities of the Mugello area in Tuscany (Italy). It comprised 504 individuals representing approximately 65% of all nonagenarians living in that geographical territory in 2012. The participation rate was 69% after the exclusion of potential participants who died before being interviewed or who were not found. More information about the study design and survey methods is available in Molino-Lova et al. \[[@CR10]\].

Much information about the individual health conditions of nonagenarians has been collected. For some of the health tests, it was not possible to assess the health status of several patients. Individuals who were not tested due to their (very) poor health conditions were categorized as nontestable. Being nontestable is considered the worst health condition for each of the variables, including this category. Variables have been categorized according to the existing literature. Cognitive function was measured according to the Mini-Mental State Examination (MMSE): the higher the score (0--30), the better the cognitive status is \[[@CR35]\]. MMSE scores were divided into three categories to distinguish people with severe (0--17), mild (18--23), and no cognitive impairment (24--30) \[[@CR36]\]. Functional status was assessed according to the ability to perform five of the activities of daily living (ADLs) (eating, dressing, bathing, toileting, transferring) \[[@CR37]\]. The number of ADLs that people could manage independently was used to distinguish between the non- (0), semi- (1--4), and fully-autonomous (5) oldest-old individuals \[[@CR38]\]. Mugello's nonagenarians were classified as disease-free (0), single-disease (1), and comorbid (2+) according to the number of chronic diseases (cardiovascular, neurological, pulmonary, connective tissue, gastroenterological, endocrine, renal, oncological, immunodeficiency syndrome) reported. The Geriatric Depression Scale (GDS) was used to evaluate depression status: the higher the score (0--15), the higher the level of depression is \[[@CR39]\]. GDS scores were divided into three categories to distinguish nondepressed (0--4), depressed (5--15), and nontestable individuals \[[@CR40]\]. Self-rated health status was assessed using the Italian version of the Short Form-12 questionnaire (SF-12) from which it was possible to obtain the two synthetic indicators combining the 12 items together: the Physical and Mental Component Summaries (PCS and MCS) \[[@CR41]\]. The PCS and MCS were divided into three categories: those who scored higher (or equal) than the average were considered to be in good health, those who scored lower than the average were considered to be in poor health, and nontestable individuals were considered to be in the worst health. It was also possible to obtain the global self-rated health (SRH) of the individual from the SF-12, according to the first item of the questionnaire (in general, you would describe your health status as...). It was divided into three categories to distinguish among nonagenarians declaring excellent/very good/good health, declaring acceptable/poor health and being nontestable.

The results are controlled for age (90--91, 92--94, 95+), gender, education (0--2, 3, 4--5, 6+ years of education), and main occupation during the working lifespan defined according to the Italian National Institute of Statistics (ISTAT) classification of jobs \[[@CR42]\]: farmer; housewife; and low-skilled (laborer or unskilled worker) or medium-skilled (office, industry or intellectual worker) work.

Statistical analysis {#Sec4}
--------------------

Health is a complex state involving different aspects or dimensions. To capture the heterogeneity of the health status among the oldest-old individuals, we supposed that Mugello's nonagenarians could belong to unobserved or latent classes according to their health characteristics. For this purpose, we chose LCA, which aims to group individuals into classes according to their indicator patterns. Each class includes individuals with similar characteristics that nonetheless differ from the characteristics of those in other classes.

LCA was used to identify different health profiles according to the health condition through the variables described in the previous paragraph, controlling for demographic and socioeconomic characteristics. LCA with covariates is an extension of the basic LCA, permitting the inclusion of covariates to predict an individual's latent class membership \[[@CR43], [@CR44]\].

We performed the LCA twice, including the same variables: once on the whole study population and once on the subsample of testable individuals. Since we expected to obtain in the first analysis a group populated by only nontestable individuals, we excluded those people in the second analysis to capture more heterogeneity in health status for the remaining oldest-old individuals. The effect of the covariates has been estimated with the "one-step" technique to obtain less biased coefficients: they are estimated simultaneously as part of the latent class model \[[@CR45], [@CR46]\].

Suppose a latent class model with *C* classes is to be estimated according to *m* categorical variables and a covariate *x*. Let Y~*i*~ = (Y~i1~, ..., Y~iM~) be the vector of an individual's response to the *M* variables, where Y~*im*~ = 1, 2, ..., r~m~. Let c~i~ = 1, 2, ..., C is the latent class membership of the individual to the class; let I(y = k) be the indicator function that is 1 if *y* is equal to *k* and 0 otherwise; and let λ be the probability of membership in each latent class. Then, the latent class model can be expressed as follows: $$\documentclass[12pt]{minimal}
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Multiple imputation was necessary to address missing values (missing at random (MAR)) to avoid a loss of precision in the analysis. The K-nearest neighbor imputation method has been used for its high performance with survey data \[[@CR47]\]. To obtain unbiased results, neighbors are found considering all the variables available in the dataset except those that are included in the models. Five neighbors were considered to calculate the aggregated values to impute. Education, main occupation during the working lifespan, MMSE score, ADLs performed, number of chronic diseases, PCS and MCS were imputed. None had more than 7% missing values. More information about data imputation is included in Table S1 in Additional file [1](#MOESM1){ref-type="media"}.

Statistical analysis was performed using R version 3.5.0 \[[@CR48]\], VIM \[[@CR49]\], and the poLCA package \[[@CR46]\].

Results {#Sec5}
=======

The 504 participants included a high number of women (369); the female/male sex ratio of 2.73 confirms the higher longevity of women. The mean age ± standard deviation was 93.1 ± 3.3 in the whole study population: the men's mean age (92.5) was lower than the women's mean age (93.3; t-test p = 0.01). Men were more educated (64.5% of males vs 46.1% of females completed more than 3 years of school) but performed more physical jobs: 80% of males vs 52.6% of females were farmers or low-skilled workers. Overall, men had better scores on all the health measures considered in the analysis. This result is partially explained by the sex-specific age structure of the study population. Large gender differences were found in cognitive and functional status (60.7% of males vs 37.1% of females were not cognitively impaired; 61.5% of males vs 43.6% of females were autonomous). The gap in the remaining health measures is mainly due to the larger number of nontestable women (Table [1](#Tab1){ref-type="table"}). Table 1Baseline characteristics of the nonagenarians from Mugello (2012)CharacteristicsGender*P*\*MaleFemaleTotaln%n%n%*Study population*13526.836973.2504100*Age (m. sd)*92.52.893.33.493.13.3\< 0.001*Education (years)* 0-21611.94913.36512.9\< 0.001 33223.715040.718236.1 4-56346.714238.520540.7 6+2417.8287.65210.3*Work (level\#)* farmer8865.216344.225149.8\< 0.001 housewife00.09525.79518.8 low2014.8318.45110.1 middle2720.08021.710721.2*Self-rated health* excellent/very good/good8462.219151.827554.6\< 0.001 acceptable/poor3425.28523.011923.6 not testable1712.69325.211021.8*Mini-Mental State Examination* 24-308260.713737.121943.5\< 0.001 18-232417.87520.39919.6 0-172921.515742.518636.9*Activities of Daily Living* 58361.516143.624448.4\< 0.001 4-14432.615842.820240.1 085.95013.65811.5Geriatric Depression Scale \< 57757.014138.221843.3\< 0.001 ≥ 54029.613035.217033.7 not testable1813.39826.611623.0*Physical Component Summary* ≥ average7555.613035.220540.7\< 0.001 \< average4331.914639.618937.5 not testable1712.69325.211021.8*Mental Component Summary* ≥ average6648.913636.920240.10.005 \< average5238.514037.919238.1 not testable1712.69325.211021.8*Chronic diseases (number)* 01712.6256.8428.30.112 13123.09024.412124.0 2+8764.425468.834167.7\*Male vs Female from Pearson χ2 test or t-test as appropriate\#low: laborer or unskilled worker; medium: office, industry or intellectual worker

Three latent classes were found when both the whole study population and the subsample of testable individuals were considered. This number was chosen according to the "meaning" of the classes, together with the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC), whose values are shown in Table [2](#Tab2){ref-type="table"}. Every latent class has been labeled according to the posterior probabilities (*λ*) of finding a certain characteristic in the class, as shown in Table [3](#Tab3){ref-type="table"}. Table 2Model fit statistics for 2- to 6-class modelsN. classes23456*Whole study population (n = 504)* AIC5212.18**4861.80**7174.007145.647229.17 BIC5372.64**5123.59**7537.147610.127794.99*Testable subsample (n = 385)* AIC3696.26**3652.69**3627.054113.394168.96 BIC3814.86**3850.35**3903.774469.184603.81Note: *AIC* Akaike Information Criterion, *BIC* Bayesian Information CriterionTable 3Health status indicator probabilities (λ) per health status profile resulting from the two LCAsVariableItemWhole study population (*n* = 504)Testable subsample (*n* = 385)Latent classLatent class123123n(%)215(42.9%)110 (21.8%)179 (35.3%)202 (53%)128 (33.3%)55 (13.7%)Activities of Daily Livingautonomous0.890.090.220.880.230.38semiautonomous0.110.470.720.120.700.60not autonomous0.000.440.060.000.070.02Geriatric Depression Scalenot depressed0.810.030.230.820.200.43depressed0.180.000.740.180.800.57not testable0.010.970.04Mental Component Summary≥ average0.650.000.340.670.350.26\< average0.350.000.660.330.650.74not testable0.001.000.00Mini-Mental State Exam.24-300.780.010.280.830.320.0918-230.180.020.320.150.330.430-170.040.970.400.020.350.48Number of chronic diseases00.110.130.020.100.020.0410.270.230.210.270.230.192+0.620.650.770.630.750.77Physical Component Summary≥ average0.730.000.260.710.090.88\< average0.270.000.740.290.910.12not testable0.001.000.00Self-Rated Healthexcellent/very good/good0.920.000.430.910.261.00acceptable/poor0.080.000.570.090.740.00not testable0.001.000.00Empty items are due to the subsampling: not testable individuals are not included in the second analysisFor both analysis 1: "healthy group"; respectively 2: "Severely unhealthy group" and "Unhealthy group"; and respectively 3: "Partially satisfied unhealthy group" and "Physically healthy with cognitive impairment group"

LCA performed on the whole study population resulted in three health profiles. The first class is characterized by a high probability of being autonomous (*λ* = 0.89), not depressed (*λ* = 0.81), not cognitively impaired (*λ* = 0.78), perceiving good SRH (*λ* = 0.92), and having values of PCS and MCS higher than or equal to the average (respectively, *λ* = 0.73 and 0.65). This class, labeled the "healthy group", includes 215 individuals (42.9% of the whole study population). The second class is characterized by a high probability of being semi−/not autonomous (respectively, *λ* = 0.47 and 0.44), cognitively impaired (*λ* = 0.97), and not testable for depression (*λ* = 0.97) and SRH (*λ* = 1); consequently, PCS and MCS were not testable (*λ* = 1 for both indicators). This class has been labeled the "severely unhealthy group". It includes 110 individuals (21.8% of the whole study population), which encompassed almost all nontestable nonagenarians according to the scales in analysis that included this category (SRH, depression, PCS and MCS). The third class includes nonagenarians with a high probability of being semiautonomous (*λ* = 0.72), mild/severely cognitively impaired (respectively, *λ* = 0.32 and 0.40), depressed (*λ* = 0.74), and having PCS and MCS scores lower than the average (respectively, *λ* = 0.74 and 0.66). Despite how they performed in the objective health measures, they frequently declare a better health status: *λ* = 0.43 for declaring good SRH conditions is relatively high (poor SRH: *λ* = 0.57). For this reason, the last class, composed of 179 (35.3%) individuals, has been labeled the "partially satisfied unhealthy group".

LCA performed on the subsample of testable individuals also resulted in three health profiles. The first class is characterized by a high probability of being autonomous (*λ* = 0.88), not depressed (*λ* = 0.82), not cognitively impaired (*λ* = 0.83), reporting good SRH (*λ* = 0.91), with PCS and MCS scores higher than or equal to the average (respectively *λ* = 0.71 and 0.67). This class has been labeled the "healthy group". It includes 202 individuals (53% of the testable subsample) who were almost the same individuals populating the "healthy group" resulting from the first analysis. The second class is characterized by a high probability of being semiautonomous (*λ* = 0.7), depressed (*λ* = 0.81), and reporting poor SRH (*λ* = 0.74), with PCS and MCS scores lower than the average (respectively *λ* = 0.91 and 0.65). This group of 128 individuals (33.3% of the testable subsample) has been labeled the "unhealthy group". The third group is characterized by a high probability of reporting good SRH (*λ* = 1) and being semiautonomous (*λ* = 0.60), mild/severe cognitive impairment (respectively *λ* = 0.43 and 0.48), with MCS scores lower (*λ* = 0.74) but PCS scores higher than or equal to the average (*λ* = 0.88). Posterior probabilities for depression are similar: *λ* = 0.43 not-depressed vs *λ* = 0.57 depressed. This group was labeled "physically healthy with cognitive impairment". It included 55 nonagenarians (13.7% of the testable subsample). All the posterior probabilities are reported in Table [3](#Tab3){ref-type="table"}.

The first class has been labeled the "healthy group" in both analyses: posterior probabilities followed a similar pattern, especially in terms of (good) health status items, as shown by the black and white circles in Fig. [1](#Fig1){ref-type="fig"}. The second class of the analysis on the whole study population was named the "severely unhealthy group" (see black squares in Fig. [1](#Fig1){ref-type="fig"}). It was composed of almost all the nontestable nonagenarians: individuals in the worst health conditions. Excluding the nontestables for the second analysis, many individuals populating the third class moved to the second, resulting in an "unhealthy group" with less *extreme* health characteristics. The consequence of this exclusion was more evident for the last (third) class obtained in both analyses. When considering all nonagenarians, we obtained the "partially satisfied unhealthy group", i.e., people mainly in poor health conditions but not always declaring poor SRH. When excluding the nontestable nonagenarians, some of the individuals populating the third group obtained in the previous analysis moved to the second group in the second analysis. As shown in Fig. [1](#Fig1){ref-type="fig"}, the "partially satisfied unhealthy group" (first analysis) and the "unhealthy group" (second analysis) had similar posterior probabilities for the (good) health status indicators, especially in terms of functional and cognitive status. Within the second analysis, 55 out of the 385 nonagenarians composing the "physically healthy with cognitive impairment group" had a higher probability of declaring good SRH and obtaining a high PCS score than the "healthy group", but they had poor cognitive health, sometimes had depression and were mainly semiautonomous nonagenarians. Fig. 1(Good) health status item probabilities (λ) per health status resulting from the two latent class analyses (LCAs). Note 1: Class 1: "Healthy group", for both first (**a**) and second (**b**) LCAs; Class 2 for LCA-A: "Severely unhealthy group", for LCA-B: "Unhealthy group"; Class 3 for LCA-A: "Partially satisfied unhealthy group", for LCA-B: "Physically healthy with cognitive impairment group". Note 2: ADLs: Activities of Daily Living; MCS: Mental Component Summary; PCS: Physical Component Summary; Positive self-rated health: excellent/very good/good self-rated health

The results are controlled for age, gender, education, and main occupation during the working lifespan (Table [4](#Tab4){ref-type="table"}). In the analysis on the whole of Mugello's nonagenarians, older individuals and housewives are more likely to be part of the "severely unhealthy group" instead of the "healthy group" (92--94 vs 90--91: odds ratio (OR) = 2.69; 95+ vs 90--91: OR = 7.25; housewives vs farmers: OR = 2.19), while being more educated reduces these odds (4--5 vs 3 years of education: OR = 0.49; 5+ vs 3: OR = 0.08). Being older also increases the odds of being in the "partially satisfied unhealthy group" instead of the "healthy group" (95+ vs 90--91: OR = 5.1), while both being male and a middle-level (qualified office) worker reduces it (male vs female: OR = 0.40; middle-level worker vs farmer: OR = 0.43). Table 4Odds ratios of demographic and socio-economic characteristics for the health profilesLCAWhole sample (*n* = 504)Testable subsample (*n* = 385)VariableItemCoefficientORStd. errort valuePr (\>\|t\|)CoefficientORStd. errort valuePr (\>\|t\|)***2*** **vs** ***1**2*** **vs** ***1***(Intercept)−0.880.410.33−2.640.01−0.290.750.33−0.870.38Age class (ref. 90-91)92-940.992.690.342.920.000.101.110.380.270.7995+1.987.250.375.380.001.685.370.374.550.00Sex (ref. female)male−0.850.430.38−2.240.03−0.820.440.35−2.320.02Education (ref. 3 years)0-2−0.600.550.46−1.310.190.491.640.520.940.354-5−0.720.490.32−2.240.03− 0.310.740.34−0.890.376+−2.590.080.98−2.650.01−0.990.370.74−1.330.19Work (ref. farmer)housewife0.782.190.392.000.05−0.200.820.50−0.410.69low level0.051.050.500.100.920.081.080.440.170.87middle level−0.090.920.40− 0.220.83− 0.790.450.42−1.890.06***3*** **vs** ***1**3*** **vs** ***1***(Intercept)−0.140.870.31−0.450.65−2.440.090.70−3.510.00Age class (ref. 90-91)92-940.211.240.330.660.511.534.620.662.320.0295+1.635.100.344.830.002.209.030.683.250.00Sex (ref. female)male−0.920.400.32−2.880.00−0.500.610.73−0.680.49Education (ref. 3 years)0-20.301.350.420.710.482.088.020.742.820.014-5−0.240.790.31−0.770.44−0.650.520.63−1.030.306+−0.460.630.54−0.850.400.892.431.060.840.40Work (ref. farmer)housewife0.111.120.400.290.780.972.650.631.540.12low level0.061.060.420.140.89−0.800.451.09−0.730.47middle level−0.850.430.38−2.260.02−1.150.320.94−1.220.23For both analysis 1: "healthy group"; 2; respectively 2: "Severely unhealthy group" and "Unhealthy group"; and respectively 3: "Partially satisfied unhealthy group" and "Physically healthy with cognitive impairment group"

In the analysis on the subsample of testable individuals, as for the last class of the previous analysis, being older increases the odds of being in the "unhealthy group" instead of the "healthy group" (95+ vs 90--91: OR = 5.37), while both being male and a middle-level (qualified office) worker reduces it (male vs female: OR = 0.44; middle-level work vs farmer: OR = 0.45). Finally, being both older and less educated increases the odds of being in the "physically healthy with cognitive impairment group" instead of in the "healthy group" (92--94 vs 90--91: OR = 4.62; 95+ vs 90--91: OR = 9.03; 0--2 vs 3 years of education: OR = 8.02).

Discussion {#Sec6}
==========

To identify health profiles among nonagenarians from Mugello (Tuscany - Italy), LCA was performed twice: first on the whole study population and then on the subsample of testable individuals, with nonagenarians in the "extreme" (worst) conditions having been excluded from the analysis. Removing these individuals from the analysis allowed us to capture more heterogeneity of health among the remaining oldest-old, especially among those with poor health that were hidden by the nontestable individuals.

In both analyses, three classes were identified, resulting in a total of four different health profiles within the two LCAs performed, each labeled according to the posterior probabilities of finding certain health characteristics in them. Other researchers who looked at health profiles among elderly people by considering their physical, cognitive and psychological status found two to six classes \[[@CR11]--[@CR13], [@CR17], [@CR22]\]. In particular, other researchers could distinguish between a larger number of classes (four to six) \[[@CR11], [@CR13], [@CR17], [@CR22]\], except for Ng et al. (2014), who identified only two profiles \[[@CR12]\]. The fact that we found four health profiles within the two analyses means that, even at extremely old ages, there is still heterogeneity in the health conditions of the individuals. LCA allowed us to take into account the multidimensionality of health by including several health measures in the analysis. Having a larger study population could have helped to find the four profiles within a single LCA.

The "healthy group" (a), identified in both analyses and composed of almost the same individuals, and the "unhealthy group" (c), resulting from the second analysis, are consistent with other scholars' findings among younger adults, including information on sensory health and specific chronic diseases \[[@CR11], [@CR16]\] or quality of life and wellbeing \[[@CR17]\]. Additionally, among nonagenarians, it was possible to find the two extreme groups of people in overall good and poor health. The "severely unhealthy group" (b), resulting from the first analysis, confirms that nontestable individuals are a stand-alone group of people who, because of their extremely bad health conditions, cannot be tested on their health status. The "physically healthy with cognitive impairment group" (d), i.e., individuals with good self-rated health and physical condition but bad cognitive status, is similar to what Lafortune et al. (2009) called the "cognitively impaired group" in their paper on the Canadian elderly, where the authors did not include information on the perception of health \[[@CR11]\]. However, this result is at odds with what Zammith and colleagues found in 2012, in terms of self-perceived health, among the Lothian Birth Cohort 1936 "good fitness/low spirit group" \[[@CR11], [@CR17]\]. It is known that one of the factors influencing the assessment of health among Italian elderly people is their physical status \[[@CR50]\]. It is possible that, even at extremely old ages, physical health plays an important role in the self-assessment of health status. However, this could also be the result of the poor cognitive status of individuals populating the "physically healthy with cognitive impairment group".

Certain demographic and socioeconomic characteristics were found to be associated with being part of some of the latent classes found. In this study, it is not possible to evaluate the health deterioration itself, but even at extremely old ages, being older results in having a higher probability of being in worse health. This suggests the need for further investigation on the health deterioration process among the oldest-old as it is commonly performed on the younger-old \[[@CR51]--[@CR53]\]. Males have a lower probability of being in worse general health conditions, confirming the so-called "gender paradox" also exists among the oldest-old: men are healthier than women at older ages \[[@CR6], [@CR29], [@CR31], [@CR54]\]. The level of education is known to be associated with cognitive health in later life. Researchers analyzing English and Finnish nonagenarians show how this relationship still persists at extremely old ages \[[@CR29], [@CR32], [@CR55]\]. In the present study, more educated nonagenarians are less likely to belong to an "unhealthy group", while being less educated increases the probability of being among the cognitively impaired. These results are similar to those found in younger-elderly profiles \[[@CR12], [@CR13]\]. Working experience is also associated with health conditions, showing different results. In line with the existing literature, a person who was a nonmanual (office) worker had a lower probability of being in bad health condition at older ages compared to someone who worked as a farmer \[[@CR56], [@CR57]\]. Housewives were more likely to be in the worst health conditions, similar to study findings among Finnish nonagenarians \[[@CR29]\].

This study has public policy implications that need to be noted. Even among nonagenarians, individuals are heterogeneous in terms of health. To capture this heterogeneity by taking into account several dimensions of health, it is necessary to apply a suitable methodology. LCA has been widely used for this purpose, and policy makers should take advantage of it to identify heterogeneous groups of individuals to target with their interventions \[[@CR11]--[@CR14]\]. Analyzing different health dimensions at the same time allowed us to distinguish between the most vulnerable individuals with several health problems and those individuals with dimension-specific health deficits. According to our results, it is likely that people with poor physical health also have cognitive impairment, resulting in complex care needs. However, cognitively deteriorated individuals may be in good physical and functional status, requiring a different (specific) type of health assistance. Furthermore, health profiles were associated with socioeconomic status, showing that even among the oldest-old, the well-known socioeconomic gradient of health persists. As pointed out by Ng et al. (2014), this should suggest policy makers drive their interventions to the less advantaged groups of the population \[[@CR12]\]. Other researchers evaluated the health care needs and expenditures among Taiwanese elderly people \[[@CR14], [@CR16]\], showing how they differ among the health profiles that they identified. Being able to distinguish between groups of people with different health care needs is extremely important for reducing the excess of health expenditure that may result from not considering it holistically \[[@CR11]\].

This study has limitations that need to be noted. It is based on a cross-sectional dataset: health characteristics have been collected only once. For this reason, we were not allowed to study the causal relationship between sociodemographic characteristics and health status and profiles. Furthermore, much of the information about health status is self-reported, and cutoff points - chosen according to the existing literature - did not equate to a clinical diagnosis. Thus, it would be useful to verify their veracity with objective measures. Finally, it is important to remark that Mugello's nonagenarians are a selected group of individuals in terms of health and mortality. Living in a rural area and following a Mediterranean diet is, for instance, something that affects this selection.

Conclusions {#Sec7}
===========

Large samples of nonagenarians, for which much information has been collected about their health status, are still rare to find. Considering health as a multidimensional concept by identifying health profiles could help to better evaluate the care needs according to the different health profiles of each person, even among extremely old individuals \[[@CR16], [@CR58]\]. The demographic and socioeconomic gradient of health resulting from the analysis suggests that policy makers focus their interventions on specific groups of individuals at younger ages to prevent an excess of health care expenditure later on.
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**Additional file 1: Table S1.** Marginal distribution pre- and post-missing values imputation of characteristics of the study population. Absolute values, percentages and differences.

ADL

:   Activities of Daily Living

AIC

:   Akaike's Information Criterion

BIC

:   Bayesian Information Criterion

GDS

:   Geriatric Depression Scale

ISTAT

:   Italian National Institute of Statistics

LCA

:   Latent Class Analysis

MCS

:   Mental Component Summary

MMSE

:   Mini-Mental State Examination

OR

:   Odds Ratio

PCS

:   Physical Component Summary

SF-12

:   Short-Form 12

SRH

:   Self-Rated Health

WHO

:   World Health Organization
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